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ABSTRACT

Cloud computing infrastructures are increasingly being deployed in regions where power supply
is intermittent and unreliable, posing significant challenges to service continuity and efficient
resource utilization. Conventional cloud scheduling strategies typically assume stable energy
availability and therefore perform poorly under fluctuating power conditions. This paper
proposes an Energy-Adaptive Predictive Scheduling (EAPS) framework designed to enable
resilient cloud operation in intermittently powered environments. The proposed architecture
integrates short-term energy forecasting with adaptive workload orchestration and energy-aware
node management, allowing computing workloads to be dynamically aligned with predicted
energy availability. The scheduling problem is formulated as a multi-objective optimization task
that maximizes service availability and workload completion while minimizing energy
consumption and migration overhead. To solve this problem efficiently, a lightweight predictive
scheduling algorithm is developed to perform proactive workload consolidation and migration
under energy constraints. Experimental evaluation demonstrates that the pro-posed approach
significantly improves service availability, workload completion rate, and node utilization
compared to conventional scheduling strategies. The results highlight the potential of predictive
energy-aware orchestration for enabling resilient and sustainable cloud computing
infrastructures in power-constrained environments.
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1. INTRODUCTION

Cloud computing has become a fundamental component of modern digital infrastructure, enabling
scalable computation, large-scale data storage, and ubiquitous access to online services. Most cloud
architectures, however, are designed under the assumption of stable and continuous electricity
supply. While this assumption is valid in many developed regions, it does not hold in numerous
emerging and infrastructure-constrained environments where electricity availability is intermittent
and unpredictable. In such contexts, frequent power outages and load shedding can significantly
disrupt the operation of cloud and edge computing systems, leading to service interruptions, degraded
performance, and potential data loss.
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Several studies have explored energy-efficient computing mechanisms to reduce operational costs
and environmental impact in cloud infrastructures. Techniques such as dynamic voltage and
frequency scaling, energy-aware resource al-location, and workload consolidation have demonstrated
considerable improvements in reducing power consumption within data centres [1]. Similarly, the
emergence of edge and fog computing has enabled distributed computing architectures that bring
computation closer to end users, thereby improving latency and resource utilization [2]. Despite
these advancements, most existing approaches primarily focus on optimizing energy
consumption rather than ad-dressing the fundamental challenge of fluctuating energy availability.

In regions where electricity supply is unreliable, computing infrastructures must operate under
dynamic energy constraints where available power may vary significantly over time. Renewable
energy sources and battery storage systems may partially supplement grid power, yet their variability
further complicates resource management decisions. Consequently, traditional cloud scheduling
strategies that assume continuous power availability become inadequate. There is therefore a growing
need for energy-adaptive cloud architectures capable of dynamically adjusting computing operations
in response to changing power conditions.

This paper proposes an energy-adaptive cloud computing architecture de-signed specifically for
environments with intermittent power supply. The pro-posed framework integrates real-time energy
monitoring, short-term energy pre-diction, and adaptive workload orchestration to maintain service
continuity un-der fluctuating energy conditions. By coupling predictive energy modelling with
intelligent resource scheduling, the system dynamically reallocates workloads across distributed
nodes to maximize service availability while minimizing energy consumption.

The remainder of this paper is organized as follows. Section 2 reviews related work on energy-
efficient and resilient cloud computing systems. Section 3 presents the system model. Section 4
formulates the energy-adaptive resource allocation problem, while Section 5 describes the proposed
architecture and scheduling approach. Experimental evaluation and conclusions are presented in the
subsequent sections.

2. RELATED WORD

The Energy efficiency has been a major research focus in cloud computing over the past decade.
Early work by Bharany, S and co [3] introduced energy-aware re-source allocation techniques that
dynamically consolidate virtual machines to reduce power consumption in data centres. Such
approaches employ workload migration and dynamic resource provisioning to minimize the number
of active servers while maintaining service performance. Similarly, green cloud computing
frameworks have explored the integration of renewable energy sources and energy-efficient
infrastructure to reduce the environmental impact of large-scale computing systems [4]. Although
these studies significantly improve energy efficiency, they generally assume relatively stable power
availability and therefore do not address the operational challenges caused by intermittent electricity

supply.

Another relevant research direction is the emergence of edge and fog com-putting paradigms, which
distribute computing resources closer to end users to reduce latency and network congestion. Haibeh et
al. [5] introduced the concept of fog computing as an extension of the cloud toward the network
edge, enabling localized data processing and improved responsiveness for latency-sensitive ap-
plications. Subsequent research has investigated energy-aware task offloading and distributed
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workload management within edge environments [6]. While these approaches enhance computational
efficiency and scalability, most existing frameworks focus primarily on performance optimization
rather than adaptation to fluctuating energy availability.

Recent studies have also explored resilient cloud infrastructures capable of maintaining service
availability under resource failures or network disruptions. Techniques such as fault-tolerant
scheduling, container orchestration, and adaptive workload migration have been proposed to enhance
system robustness in distributed computing environments [7]. However, these methods are largely
designed to handle hardware or network failures rather than energy scarcity. In regions where
electricity supply is unreliable, computing systems must continuously adapt to dynamic power
constraints while prioritizing critical services.

Despite these advancements, limited research has addressed the design of cloud architectures
explicitly tailored for intermittently powered environments. Existing solutions typically optimize
energy consumption but rarely incorporate mechanisms for predicting energy availability and
adapting computing workloads accordingly. This gap motivates the development of energy-adaptive
cloud computing frameworks that integrate energy forecasting with dynamic resource orchestration.
The architecture proposed in this paper aims to address this challenge by enabling cloud systems to
dynamically respond to fluctuating power conditions while maintaining reliable service delivery.

3. SYSTEM MODEL

This section presents the formal system model for the proposed energy-adaptive cloud computing
architecture designed for intermittently powered environments. The model captures the interactions
between energy availability, distributed computing resources, and dynamic workload demands. The
objective is to establish a mathematical framework that enables adaptive workload orchestration
under fluctuating power constraints.

3.1. Architecture Overview

Standard The computing infrastructure consists of a distributed set of nodes including centralized
cloud servers, edge computing nodes, and micro—data centres deployed in regions with unstable
electricity supply. Each node is powered by a combination of grid electricity, renewable energy
sources (e.g., solar), and local battery storage systems.

The architecture integrates three primary layers:

e Energy Monitoring Layer: Continuously measures real-time power availability.
Energy Prediction Module: Forecasts short-term energy supply.

o Adaptive Workload Orchestrator: Dynamically allocates workloads across nodes based on
predicted energy availability.
Figure 1 illustrates the conceptual architecture of the proposed system.
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Figure 1. Energy-adaptive cloud computing architecture for intermittently powered regions.
3.2. Energy Availability Model

The Let the total available energy supply at time t be represented as:

E(t) = Eg(t) + E.(t) + Ep(t) (D

where Ey4(t) denotes the available grid power at time t, E«(f) represents the renewable energy
generation, and Ej(t) corresponds to the energy supplied from battery storage. Because grid power
may be intermittent, E g(t) is modelled as a stochastic process:

Ey()~P(2) (2)

where nj represents the expected power availability rate over a given interval. Renewable energy
generation is modelled as:

E. () = n,AI(t) (3)

where 77 denotes the renewable energy conversion efficiency, A represents the active solar panel area,
and I(t) denote the solar irradiance at time t. Battery storage dynamics are governed by:

B(t +1) = B(t) + a.E.(t) — agL(t) C))

where B(t) denotes the stored energy in the battery at time t, a. represents the charging efficiency, aq
denotes the discharging efficiency, and L(t) represents the system load.

3.3. Computing Resource Model

Let the distributed cloud system consist of a set of computing nodes

N = {nyn.,..., nk} )
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Each node Ny is characterized by:

processing capacity Cj (CPU cycles per second)
memory capacity M

power consumption Pj

The operational state of node i at time t is defined as

si(t) € {0,1} (6)

where si(t) = | indicates that node i is active at time t, whereas si(t) = 0 indicates that the node
is inactive. The total computing power consumption becomes:

k

Proa(®) = ) si(0)P; ™

i=1

which must satisfy the energy constraint

Protar(t) < E(2) €))

3.4. Workload Model

Let the system process a set of computational workloads:

W = {wy,wa,..., Wiy} €)
Each workload wj is defined by

CPU demand dj

latency requirement dj

priority weightwj

Workload assignment is represented by the binary variable:

1, if workload wjis assigned to node n;
Xij = ] (10)
0, otherwise
The resource constraint for each node becomes:
m
2. xijdj < Cj (11)

j=1
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3.5. Energy-Adaptive Operation Constraint

To ensure system sustainability under intermittent power supply, the workload scheduling policy
must satisfy:

Zk:ixijpi <E(t) (12)
i=1 j=1

Additionally, workload migration may be triggered when predicted energy supply falls below a
critical threshold Emmin:

E(t + At) < Epn, (13)

Where E(t + At) denotes predicted future energy availability. This system model provides the
mathematical foundation for the adaptive workload orchestration methodology presented in the

following section.

4. PROBLEM FORMULATION

Based on the system model described in Section 3, the objective of this work is to design an energy-
adaptive workload orchestration mechanism capable of maintaining reliable cloud services in
environments with intermittent power supply. Unlike traditional cloud infrastructures that assume
continuous electricity availability, the system considered in this paper operates under dynamic energy
constraints where the available power may vary significantly over time. Consequently, resource
allocation decisions must explicitly incorporate energy availability to ensure sustainable operation

and service continuity.
4.1. Energy Constrained Resource Allocation

Let the distributed computing infrastructure consist of a set of nodes

N = {n1,n2,..., nk} (14)
and a set of computational workloads,
W = {wi,w2,..., wm} (15)

Each workload wj requires a computational demand dj and must be assigned to an available node in

the system. The assignment decision is represented by the binary variable:

- {1, if workload wjis assigned to node n;
U 1o, otherwise

(16)

The resource capacity constraint of each node must satisfy.
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m
qudj < 17)
Jj=1

where C; denotes the computing capacity of node n;.

4.2. Energy Availability Constraint

Let the total energy available at time ¢ be defined as.
E(t) =E4(t) + E.(t) + Ep(t) (18)
where Eg(t) represents grid power, Ey-(t) represents renewable generation, and Ep(t) represents

battery supply.

The total energy consumed by the distributed computing infrastructure is,

k

Protar(®) = ) si(®)P, (19)

i=1

where Pj denotes the power consumption of node nj and sj(t) represents the operational state of the

node. To ensure sustainable operation under intermittent power conditions, the following constraint
must hold:

Ptotal(t) < E(1) (20)

This constraint ensures that the total computational workload executed by the system does not exceed
the instantaneous energy supply.

4.3. Service Continuity and Latency Constraints

Each workload wj has an associated latency requirement [;. The processing latency of a workload
assigned to node n; is denoted as L;and must satisfy

L <l (21)

k

> =1 (22)

i=1
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4.4. Workload Migration Cost

To maintain system resilience during power fluctuations, workloads may be dynamically migrated
between nodes. Let Mjj denote the migration cost associated with transferring workload w; to node

n;.The total migration overhead is expressed as,

k m
Mtotal = 2222 xijMij (23)
i=1j=1

Migration introduces additional network and computational overhead, which must be minimized
while maintaining service availability.

4.5. Multi-Objective Optimization Formulation

The resource allocation problem in intermittently powered cloud systems can therefore be formulated
as a multi-objective optimization problem that simultaneously considers energy consumption, service
continuity, and migration cost. The objective function is defined as:

min(aEcons + BLviol + yMtotal) (24)
where Econs represents the total system energy consumption, Lo denotes the service latency

violations, M represents the workload migration cost, and a, @, and y denote the weighting
coefficients. The optimization is subject to the following constraints:

m
Z xyd; < C; (25)
Jj=1
Ptotal(t) < E(t) (26)
k
i=1
Ly <1 (28)

4.6. Adaptive Energy Prediction Constraint

Since future energy availability influences scheduling decisions, the system in-corporates a short-term

energy prediction function E (t + At). When predicted energy supply falls below a critical threshold
Enmin, proactive workload reallocation is triggered.
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E(t + At) < Epn (29)

This condition activates adaptive workload migration and node power-state transitions to prevent
service disruptions. The resulting optimization problem is computationally complex due to the
combinatorial nature of workload allocation and dynamic energy constraints. Therefore, an efficient
energy-adaptive orchestration methodology is required to obtain near-optimal solutions in real time. The
proposed methodology for solving this problem is presented in the following section.

5. PROPOSED METHOD

This section presents the proposed energy-adaptive cloud orchestration methodology designed to
operate under intermittent power conditions. The approach integrates predictive energy modelling,
adaptive node activation, and intelligent workload scheduling to ensure continuous service delivery
while respecting dynamic energy constraints. The methodology consists of three main components:
(i) energy availability prediction, (ii) adaptive node power management, and (iii) energy-aware
workload orchestration.

5.1. Energy Availability Prediction

To enable proactive scheduling decisions, the system predicts short-term energy availability using
historical energy measurements. Let the energy state at time ¢ be represented as;

E(t) = Eg(t) + Er(t) + Ep(t) (30)

where Ey(t), EAt), and En(t) represent grid power, renewable generation, and battery storage
respectively. The predicted energy supply for a future time window
At is defined as:

(t+At) = f(E®),E(t—1),..., E(t = k)) 31

where f(-) denotes the prediction model and k represents the number of historical observations used.

In practice, this function may be implemented using statistical or machine learning models such as
autoregressive models or recurrent neural networks.

The predicted energy supply determines the system’s operational mode. When the predicted energy
level falls below a predefined threshold Enmis, the system activates energy-constrained scheduling
strategies to prevent service disruption.

5.2. Adaptive Node Power Management

The distributed infrastructure consists of a set of nodes N = {ny, n, ..., ni}, each operating in one
of several power states. The operational state of node n; at time t is defined as

si(t) € {0,1} (32)

where si(t) = 1 indicates that the node is active and si(t) = 0 indicates that the node is inactive or in a



98 Computer Science & Information Technology (CS & IT)

low-power mode. The total system power consumption is therefore:

M=

Protar(t) = ) si()P; (33)

i=1

where P; represents the power consumption of node n;. To maintain sustainable operation, the system
must satisfy:

Ptotal(t) =< E (t + A1) 34
5.3. Adaptive Node Power Management
Let W = {wi, wy, .., wn} denote the set of incoming workloads. Each workload w; requires
computational demand d; and has an associated priority weight G;. The objective of the scheduler is to

allocate workloads to nodes while maximizing service availability and minimizing energy
consumption. The workload assignment variable is defined as:

(35)

P {1, if workload wjis assigned to node n;
Yo, otherwise

The scheduling objective is defined as,

k m
maxZZm;xU (36)

i=1j=1

subject to

b;/_ls

yd; < C; 37)
j:
k m
xZZw E(t+A0)  (38)
i=1j=1

These constraints ensure that computational resources and energy availability are not exceeded during
workload execution.
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5.4. Energy-Adaptive Scheduling Algorithm
To efficiently solve the above optimization problem in real time, we propose an energy-adaptive

predictive scheduling algorithm. The algorithm dynamically adjusts workload assignments based on
predicted energy availability and node capacity.

Algorithm 1 Energy-Adaptive Predictive Cloud Scheduler

Require: Node set N, workload set W, predicted energy E(t + At)
Ensure: Energy-aware workload allocation

1: Initialize active node set A + 0

2: Sort workloads in descending order of priority w;

3: for each node n; € N do

4 if P, < E(t+ At) then

5: Activate node: A < AU {n;}
6: end if
7
8

: end for
: for each workload w; € W do
9: for each node n; € A do
10: if d; < C; then
11: Assign workload: z;; =1
12: Update node capacity C; = C; — d;
13: Break
14: end if
15: end for
16: end for
17: if Piotar(t) > E(t + At) then
18: Trigger workload migration
19: Deactivate lowest priority nodes
20: end if

21: return allocation matrix X = [zy;]

5.5. Computational Complexity

Let £ denote the number of computing nodes and m the number of workloads. The scheduling
algorithm performs workload sorting in

0(mlogm) (39)
time and assignment operations in
0(km) (40)
Therefore, the overall complexity of the algorithm is
O(mlogm + km) (41)

which is suitable for real-time cloud orchestration in dynamic energy environments.
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6. PERFORMANCE EVALUATION

This section evaluates the proposed energy-adaptive cloud orchestration framework under
intermittent power conditions. The objective is to assess improvements in service availability, energy
efficiency, and workload completion com-pared with conventional scheduling strategies.

6.1. Simulation Environment

Experiments were conducted in a simulated distributed cloud environment using the CloudSim
framework. The infrastructure consists of heterogeneous cloud and edge nodes powered by grid
electricity, renewable energy, and battery storage. Intermittent grid availability and stochastic solar
generation were modeled to emulate realistic energy variability. Key simulation parameters are
summarized in Table 1.

Table 1. Simulation Parameters

Parameter Value
Cloud nodes 20
Edge nodes 30
‘Workload tasks 500-2000
CPU capacity 4—16 cores Battery capacity
Prediction window 10 min
Parameter Value
Cloud nodes 20
Edge nodes 30
6.2. Baseline Methods

The proposed Energy-Adaptive Predictive Scheduler (EAPS) is compared with two baselines: Static
Cloud Scheduling (SCS), which assumes continuous power availability, and Energy-Aware
Scheduling (EAS), which minimizes energy consumption without energy prediction.

6.3. Baseline Methods

System performance is evaluated using four metrics:
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Service Availability

A= Ncomplet (42)
ed
Ntotal
Energy Efficiency

n= Ncomplet (43)
ed
Econsume
d

Workload Completion Rate

Ncompleted (44)
C-r == N
submitted
Energy Utilization
Eused (45)
Cr =
Eqvailable

6.4. Results and Analysis

This section presents the experimental evaluation of the proposed Energy- Adaptive Predictive
Scheduler (EAPS) under intermittently powered cloud environments. All performance metrics were
obtained using a simulated distributed cloud system with heterogeneous nodes, renewable energy
sources, battery storage, and stochastic grid availability, as described in Section 6. The results are
summarized in two compact figures containing subfigures for multiple metrics to optimize page
usage.

System Performance Metrics Figure 2 presents four key performance metrics: service availability,
energy efficiency, workload completion rate, and node utilization.

Service Availability: As shown in Figure 2a, EAPS achieves the highest availability of 0.89,
significantly outperforming SCS (0.71) and EAS (0.78). The improvement is
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attributed to proactive workload migration and predictive energy-aware scheduling, which prevent
service disruption during power fluctuations.

Energy Efficiency: Figure 2b shows that EAPS consumes energy more efficiently

than baseline methods, demonstrating that integrating short-term energy predictions with workload
orchestration prevents unnecessary node activation while sustaining high service levels.

Workload Completion Rate: Figure 2c indicates that EAPS completes 87% of incoming tasks,
outperforming both baselines. This demonstrates the scheduler’s ability to prioritize high-importance
workloads and adapt dynamically to predicted energy constraints.

Node Utilization Efficiency: Figure 2d illustrates that EAPS achieves 83% utilization, highlighting
effective consolidation of workloads onto active nodes, minimizing idle resources, and improving
overall system efficiency under intermittent power conditions.

Energy Dynamics and Scalability Figure 3 provides insight into energy prediction accuracy and
system scalability under varying workloads.

Energy Prediction Accuracy: As depicted in Figure 3a, the predicted energy closely follows actual
measurements over a 24-hour period, with minor deviations due to stochastic variability in renewable
generation and grid instability. High prediction accuracy is crucial for proactive scheduling decisions,
ensuring workloads are allocated only when sufficient energy is available.

System Performance under Increasing Workload: Figure 3b shows that EAPS maintains superior
performance even as the number of workloads scales from 500 to 2000 tasks. Unlike SCS and EAS,
which degrade sharply under high load, EAPS preserves service availability above 86% by
dynamically consolidating tasks and activating only energy-supported nodes, demonstrating both
scalability and resilience.

The evaluation demonstrates that integrating predictive energy modeling with adaptive workload
orchestration offers substantial benefits:

e  Enhanced Reliability: Proactive migration and energy-aware scheduling prevent workload
failures due to intermittent power.

e Improved Efficiency: Energy and node utilization metrics show that re-sources are used
effectively without exceeding available power.

e  Scalability: The system sustains high performance across a wide range of workload intensities,
confirming robustness in real-world scenarios.

e  Predictive Advantage: Accurate short-term energy forecasting enables the scheduler to
anticipate shortages and make preemptive allocation decisions.

These results collectively validate the effectiveness of the proposed EAPS framework in achieving
high service availability, energy efficiency, and workload completion in intermittently powered
distributed cloud systems.
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Figure 2. Comparison of system performance metrics for SCS, EAS, and EAPS scheduling methods.
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under varying workloads.

7. CONCLUSION AND FUTURE WORK

This paper presented an Energy-Adaptive Predictive Scheduling (EAPS) framework for cloud
computing environments with intermittent power supply. The proposed architecture integrates short-
term energy forecasting with adaptive workload orchestration to dynamically align computing
operations with available energy resources. The scheduling problem was formulated as a multi-
objective optimization task that balances service availability, workload completion, and energy
efficiency. Experimental results show that EAPS improves service availability, workload completion,
and node utilization compared with conventional scheduling approaches, demonstrating stronger
resilience under fluctuating energy conditions. Future work will investigate advanced machine
learning techniques for improved energy prediction and implement the framework within real-world
orchestration platforms such as Kubernetes or OpenStack. Additionally, carbon-aware and
geographically distributed scheduling strategies will be explored to support sustainable cloud—edge
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infrastructures. Overall, the proposed framework highlights the potential of predictive energy aware
orchestration for enabling resilient and sustainable cloud systems in power constrained environments.
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